Traditional joint power control and beamforming achieve the targeted signal-to-interference-noise ratio (SINR) at the receivers by assuming the knowledge of the measurements of channel parameters and SINR. Blind beamforming is an effective technique for beamforming and channel estimation without the need of training sequences, thus not consuming extra bandwidth. In this paper, we propose a novel joint power control and blind beamforming algorithm that reformulates the power control problem in such a way that it does not need any prior knowledge and additional measurements in the physical layer. In contrast to the traditional schemes that optimize SINR and, as a result, minimize bit error rate (BER), our proposed algorithm achieves the desired BER by adjusting a quantity available from blind beamforming. By sending this quantity to the transmitter through a feedback channel, the transmit power is iteratively updated in a distributed manner in the wireless networks with cochannel interferences (CCIS). Our proposed algorithm is more robust to estimation errors. We have shown in both analysis and simulation that our algorithm converges to the desired solution. In addition, a Cramer-Rao lower bound (CRB) is derived to compare with the performance of our proposed joint power control and blind beamforming system.
INTRODUCTION
Over the past few decades, wireless communications and networking have witnessed an unprecedented growth, and have become pervasive much sooner than anyone could have imagined. One of the major challenges for the system design is the limited available radio frequency spectrum. Channel reuse is a common method to increase the wireless system capacity by reusing the same channel beyond some distance. However this introduces cochannel interference (CCI) that degrades the link quality. Two promising approaches to combat CCI are power control and antenna array processing. Power control is one direct approach toward minimizing CCI. The transmit powers are constantly adjusted. They are increased if the signal-to-interference-noise-ratios (SINRs) at the receivers are low and are decreased if the SINRs are high. Such a process improves the quality of weak links and reduces the unnecessary transmit powers. Antenna array processing techniques such as beamforming can be applied to receive and transmit multiple signals that are separated in space. Hence, multiple cochannel users can be supported in each cell to increase the capacity by exploring the space diversity.
Many works have been reported in the literature for employing power control and beamforming to reduce CCI. Traditional beamformers such as minimum mean square error (MMSE) and minimum variance distortion response (MVDR) methods have been commonly employed [1] . In [2, 3] , general frameworks for power control are constructed. Beamforming is a physical layer technique that can greatly increase receivers' SINR by using the signal processing algorithms, while power control is a media access control layer technique that can effectively control users' transmit powers to share the channels. Many joint power control and beamforming algorithms are proposed in [4, 5, 6, 7, 8] . Most of the existing works assume the availability of prior channel information and measurement of SINR.
As a majority of communication systems often struggle with the limited bandwidth constraint, it is desirable for the receiver with multiple antennas to steer to the desired direction and to estimate the transmit signals without consuming much channel bandwidth. By eliminating the training sequence overhead, used for estimation, and maximizing the channel capacity for information transmission, blind estimation and beamforming [9, 10, 11, 12, 13, 14, 15, 16] offer a bandwidth efficient solution to signal separation and estimation. Its importance also lies in the practical need for some communication receivers to equalize unknown channels without the assistance and the expense of training sequences.
Current methods of joint power control and beamforming [4, 5, 6, 7, 8] assume perfect measurement of channel parameters and SINR at the receivers, which is very difficult to obtain in practice. Blind beamforming can estimate and separate, without the use of training sequences, the transmitted signals that suffer from the channel distortion and additive noise. The difficulties for joint power control and blind beamforming are to formulate such a cross-layer problem into a joint optimization problem, and develop an algorithm that can be self-trained and adaptively adjust the system parameters. In this paper, we present a novel joint power control and blind beamforming algorithm for a multicell multiantenna system. Based on a reformulated joint problem, our proposed algorithm optimizes the bit error rate (BER) using a quantity directly available from the blind beamforming and estimation, which avoids additional measurements mentioned above. Mobiles' transmit powers are updated in a distributed manner such that the CCI is effectively reduced. Convergence properties of the proposed algorithm are discussed. A Cramer-Rao lower bound (CRB) is derived to show the effect of power control on the symbol estimation performance in the networks. Simulation results illustrate that our algorithm converges to the desired solution and is more robust to channel estimation error compared with traditional joint power control and training-based beamforming algorithm.
The organization of this paper is as follows. In Section 2, we present the system model and the traditional joint power control and beamforming problem. In Section 3, first we choose a blind beamforming algorithm. Then we give the reformulated joint power control and blind beamforming problem. An adaptive algorithm is developed and a system is constructed. In Section 4, the convergence and uniqueness of the solution are analyzed. The CRB is derived to compare the performance. In Section 5, we evaluate our algorithm via numerical studies. In Section 6, we give the summary and conclusion.
SYSTEM MODEL, BEAMFORMING AND POWER CONTROL
Consider K distinct cells in wireless networks where cochannel links exist. Each cell consists of one base station and its assigned D mobiles. Antenna arrays with M elements are used only at the base station and M ≥ D. We assume that coherent detection is possible so that it is sufficient to model this multiuser system by an equivalent baseband model. Each link is affected by the slow Rayleigh fading. The propagation delay is far less than one symbol period. For uplink case, the ith base station antenna array's output vector is given by
where
is the ith base station array response vector to the signal from the dth mobile in the kth cell at direction θ
is message symbol, τ ki is the delay, and n i (t) is thermal noise vector. We assume the synchronous transmission for all the users within the same cell, that is, τ ii = 0, for all i. The synchronous assumption is reasonable because the symbol timing can be effectively controlled within each cell. We assume that the CCI from other cells is asynchronous for the desired signals within the cell and τ ki , k = i, is uniformly distributed within the symbol duration. We assume that the channels are flat fading and stable within a frame of hundreds of symbols. Define the impulse response from the dth mobile in the kth cell to the pth element of the ith base station as h dp ki = α d ki a dp ki (θ d ki )r dp ki , where r dp ki includes the effect of the transmitter, receiver filter, and shaping function g d k (t − τ ki ). In the vector form, it is given by h
Md ki ] T . The sampled received vector for this DK users and MK antenna outputs multicell system at time n is given by
is the sampled thermal noise vector, and
where 
The issue in question here is how to find the users' beamforming vectors and transmit powers such that each user has the desired link quality and does not introduce unnecessary CCI to other users. In the rest of this section, we will briefly illustrate the traditional joint power control and beamforming.
An adaptive antenna array is designed to receive the signals from the desired directions and attenuate signals' radiations from other directions of no interest. The outputs of the array elements are weighted by a beamformer. In order to suppress the interferences, the beamformer places its nulls in the directions of interference sources and steers to the direction of the target signal. Some most popular beamformers are MMSE and MVDR beamformers [1] . In this paper, we will compare joint power control and MVDR beamforming method with our proposed blind scheme because MVDR beamformer is commonly used in the literature [4] .
If the channel responses h d ii can be estimated, the beamforming vector can be calculated by the MVDR method, which minimizes the total interferences at the output of a beamformer, while the gain for the desired dth user in the ith cell is kept as a constant. The MVDR problem can be defined as min
subject to
Define correlation matrix as
The optimal weight vector is given bŷ
In traditional power control schemes, the overall transmit powers of all links are minimized, while each link's transmit power is selected so that its SINR is equal to or larger than a fixed and predefined targeted SINR threshold γ d i required to maintain the link quality. The power control problem can be defined as
If the spectral radius ρ(BF) [17] , that is, the maximum eigenvalue of BF, is inside the unit circle, the system has feasible solutions and there exists a positive power allocation vector to achieve the desired targeted SINRs. By PerronFrobenius theorem [17, 18] , the optimum power vector for this problem isP = (I − BF) −1 u. Many adaptive algorithms [3, 4, 19] have been developed to reduce the system complexity by the following distributed iteration:
can be easily estimated at the receivers. The power allocation is balanced at the equilibrium when the power update in (11) has converged. The level of CCI depends on both channel gain and transmit power. The optimal beamforming vector may vary for different powers. Hence the beamforming and power control should be considered jointly. In [4] , a joint power control and beamforming scheme has been proposed. An iterative algorithm is developed to jointly update the transmit powers and beamformer weight vectors. The algorithm converges to the jointly optimal transmit power and beamforming solution. The joint iterative algorithm can be summarized by the following two steps:
(i) beamforming in physical layer: MVDR algorithm, (ii) power update in MAC layer: P n+1 = BFP n + u, where power update step can be implemented by using only local interference measurement. But the algorithm assumes the knowledge of SINR and directions of the desired signals or the perfect measurements of channel responses, which are very difficult to get in practice.
JOINT POWER CONTROL AND BLIND BEAMFORMING
In this section, first we consider how to choose a blind beamforming algorithm that can be used for joint optimization with power control. Then we reformulate the joint power control and blind beamforming problem as a cross layer approach. Finally, an adaptive iterative algorithm is developed.
Choosing a blind beamforming algorithm
The traditional beamforming needs the measurement of spatial responses of the array. A common practice is the use of training sequences [1] . However, it costs bandwidth which is very precious and limited in wireless networks. Moreover, the measurement errors can greatly reduce the performance of beamforming. This gives us the motivation to use blind beamforming method to separate and estimate the multiple signals arriving at the antenna array. Since beamforming and power control are two different layer techniques, we need to find the blind beamforming algorithms that allow us to have joint optimization across the layers. In [13, 14] , a maximum likelihood approach named iterative least squares projection (ILSP) algorithm is proposed. The algorithm explores the finite alphabet property of digital signals. The channel estimation and symbol detection can be implemented at the same time. In addition, a quantity is available for BER performance and can be used for power control optimization [20] .
In this subsection, we will briefly review the ILSP algorithm.
Consider the same channel module in ( 
where v i (n) includes the ith base station antenna thermal noise and all the CCIs from the other cells, that is,
where n i (n) is the M × 1 sampled thermal noise vector. The ILSP algorithm works with a shifting window on data blocks of size N. Assume that the channel is constant over the N symbol periods. In the ith cell, we obtain the following formulation of the lth data block:
where l is block number,
We assume that the number of users is known or has been estimated. The ILSP algorithm uses the finite alphabet property of the input to implement a least squares algorithm that has good convergence properties for the channel with low delay spread. The algorithm is carried out in two steps to alternatively estimate A i and S i as follows:
The first step is a least square minimization problem, where S i is unstructured and its amplitude is continuous without considering the discrete nature of modulations, while A i is fixed and equal to the estimatedÂ i . In the second step, each element of the solution S i is projected to its closest discrete valuesŜ i . Then a better estimate ofÂ i is obtained by minimizing f (A i ,Ŝ i ; X i ) with respect to A i , keepingŜ i fixed. We continue this process until estimates ofÂ i andŜ i are converge. The ILSP algorithm is given in Algorithm 1.
Reformulation of joint power control and beamforming
In traditional joint power control and beamforming, the user's received SINR is larger than or equal to a targeted value to maintain the link quality such as the desired BER. In this paper, we proposed another quantity available from the ILSP algorithm to directly ensure each user's BER. For simplicity, we use BPSK modulation for the analysis and simulation. The other PAM or MQAM modulation methods can be easily extended in a similar way. It has been shown in [14] that the error probability of ILSP algorithm is approximated by
where each estimated signalŝ
where, in our case, σ
and can be estimated by
In [14] , (18) is developed for single cell environment with additive white Gaussian noise. In our case, we need to perform optimization in multicell scenario with CCI. Because there are a large number of CCI sources with similar received powers, by the central limit theorem, we can assume that v i (n) approaches a zero-mean Gaussian vector. So (18) still holds in our case. From the simulation results in Section 5, we can show that this assumption is valid. In our proposed joint power control and blind beamforming scheme, the key issue is the quantity Var[ŝ i (n)] to be less than or equal to a predefined value var 0 so that each user's BER is less than the desired value. However, if var 0 is too small, each user's transmit power will be too large and cause too much CCI. Under this condition, the system may not be feasible, that is, no matter how large the transmit powers are, the receivers cannot achieve desired BER. So we need a feasibility constraint for var 0 . The reformulated joint power control and blind beamforming (1) 
problem is given by
where var 0 is feasible. In order to solve this problem, we need to develop a distributed algorithm such that each user can adapt its transmit power by using only local information. We need to evaluate the feasible range of var 0 such that the system is feasible, that is, there exists a possible power allocation vector. The convergence and optimality of the adaptive algorithm will be considered in Section 4.
Adaptive iterative algorithm
In this subsection, we assume that var 0 is feasible for the system. We will discuss the feasibility issue in Section 4.1. In ILSP algorithm, the iteration stops when the estimated channel response matrix and symbol matrix have converged. In the algorithm, we use the final channel response matrixÂ i to substitute A i in (18) . Then the estimation of Var(ŝ
In the uplink, the value of var The power update scheme can be easily implemented in a distributed manner. In each iteration, the power is updated by
where m is the iteration number.
With the above power update equation, we develop the following joint adaptive power control and blind beamforming algorithm. The algorithm is initialized by some feasible power allocation vector P(0) and some approximate channel estimationÂ i,0 [13] . The user's BER may be larger than the desired value during the initialization. In each iteration, first, ILSP blind estimate algorithm is applied to estimate the antenna array responses and the transmitted signals. Then var d i is calculated. The new transmit power is updated by (23). The iteration is stopped by comparing the power vector of the two consecutive iterations. When the algorithm stops, each user's desired BER will be satisfied. The adaptive algorithm is summarized in Algorithm 2.
With the adaptive algorithm, we can construct a joint power control and blind beamforming system as shown in Figure 1 . The variance calculator module calculates the estimation var d i from the ILSP module. The updating information of transmit powers is computed by the power update module. Then the simple power update information is sent back to mobiles via the feedback channels. When the algorithm converges, the output data from the ILSP module will have the desired BER.
ANALYSIS AND CONVERGENCE OF THE ALGORITHM

Convergence analysis
In this subsection, we analyze the condition for our proposed algorithm to converge, that is, we find the feasible range for var 0 . Then we prove that the power update converges to a unique solution when the system is feasible, while the blind beamforming may not converge to a unique solution. So our proposed joint power control and blind beamforming algorithm may have local minima because of the inherited characteristics of the blind estimation. We will propose a method to avoid the local minima. From the simulation results in Section 5, we can show that even with the possible local minima, the proposed algorithm performs comparably well with the traditional joint power control and beamforming algorithm. Consider the transmission from the dth mobile to its associated ith base station with h (18) . Then we will analyze the conditions for the convergence of our algorithm. We have
The det(A H i A i ) can be expanded by the following alternating sum form:
Because the channels are not reused in the adjacent cells in most of the communication system, we assume that the CCI plus thermal noise in (13) is Gaussian noise with the variance:
Now we can calculate Var[ŝ
An interesting result is that Var(ŝ d k (n)) is independent of the transmit powers of the other mobiles in the same cell. So the main concern for power control is intercell CCI. Substitute into (23), the power update equation can be expressed as
In matrix form, we define a matrix Q as
The matrix expression of (29) for the whole network can be written as
where By Perron-Frobenius theorem [17] , the power update in (31) has the equilibrium When var 0 is too small and less than ρ(Q), the system is not feasible and the adaptive algorithm diverges. In order to prevent the algorithm from diverging, the system will detect the severity of CCI. If the system detect ρ(Q) approaches var 0 or the transmit powers increase very fast, var 0 will be increased so that users will reduce their transmit powers and CCI will be alleviated.
. . , u DK ] T , and
Following the same proof in [19] , we can prove that the power update in (29) converges to a unique solution. Suppose thatP and P * are two different converge power allocation vectors. Without loss of generality, we assume that
The above contradiction implies that the power update equation (23) will converge to a unique solution. However, because the solution of blind beamforming may not be unique [14] , our proposed joint scheme may fall into local minima. In order to prevent such local minima, we propose the following scheme to avoid the local minima.
When the two users are not well separated in the angle, that is, the array response A i is ill-conditioned. The ILSP algorithm can converge to some fixed points that are not the global minima. In this case, instead of projecting unstructured continuous estimated symbols to the closest discrete values in ILSP algorithm, we enumerate over all Ω D possible vectors S j i ∈ Ω D and choose the one that minimizeŝ
where Ω is the modulation constellation alphabet. This enumerating method has a better performance but a higher complexity. If the global minimum is still not achieved, it has been shown in [13] that usually one or two reinitializations with random guess are sufficient to yield the global minimum. So we can have two or three parallel structures with different initial values to calculate ILSP algorithm. Then we select the minimal one. The probability of staying in a local minimum will be greatly reduced.
Cramer-Rao lower bound
In our proposed joint power control and blind beamforming system, the performance of each user's BER is determined by the noise variance, channel conditions, and power allocation. When the additive noise is a zero-mean Gaussian random process, the estimation performance of the unbiased estimator is bounded by the CRB. In this subsection, we derive the covariance matrix for the parameters of the thermal noise variance, the input symbols, and the power allocation vector for the CRB. The results will help us analyze the effects of power control on the users' symbol estimation performances in this multicell system. For simplicity, we assume that the data are modulated as BPSK, that is, S(n) ∈ Ω KD , where Ω = {±1}. Similar to the performance analysis of ILSP in [14] , we assume that the channel responses are known (the algorithm itself doesn't need such information). The parameters for Fisher information matrix are ϑ = [σ 2 , S(1), . . . , S(N), P]. The likelihood function L of the received data X(n) is given by
The Fisher information matrix is calculated by
where Q, R(n), and R P are derived in the appendix.
In order to see the effect of the proposed power control on the symbol estimation errors, we define the average mean square error (AMSE) as a performance measure of the symbol estimation:
Because we use BPSK modulation, S(n) 2 = DK, for all n, and AMSE is the variance bounded by CRB. The CRB for the symbol estimation can be obtained directly from the inverse of Fisher information matrix, that is,
where S j (n) is the jth element of S(n). How close AMSE is to the CRB will show the relative efficiency of our proposed algorithm.
SIMULATION RESULTS
A network with 50 cells is simulated as shown in Figure 2 . Each hexagonal cell's radius is 1000 m. Two adjacent cells do not share the same channel. In each cell, one base station is placed at the center. Two mobiles are placed randomly with uniform distribution. Each mobile transmits BPSK data over Rayleigh fading channels. Each base station employs fourelements antenna array. The noise level is σ = 1. The transmit frame has N = 1000 data symbols. Our shaping function is raised cosine function. Path loss is due to the decay of the intensity of a propagating radio wave. In our simulations, we use the two slope path loss model [21] to obtain the average received power as a function of distance. According to this model, the average path loss is given by
where C is a constant, r is the distance between the mobile and the base station, a is the basic path loss exponent (approximately two), b is the additional path loss component (ranging from two to six), h b is the base station antenna height, h m is the mobile antenna height, and λ c is the wavelength of the carrier frequency. We assume the mobile antenna height is 2 m and the base station antenna height is 50 m. The carrier frequency is 900 MHz.
In Figure 3 , we show the analytical and numerical performance of ILSP, compared with MVDR with perfect channel estimation. The numerical results with CCI match the analytical results well especially at high SINR range, which proves our assumption that V i (n) can be treated as Gaussian noise when the number of CCIs is large. Our proposed joint power control and blind beamforming has only about 1-2 dB performance loss over traditional power control and MVDR beamforming with perfect channel estimation. However, MVDR beamforming needs additional training sequence to estimate the channel and SINR with prior information that may not be available in practice.
In reality, perfect channel estimation is hard to obtain. In Figure 4 , we show the effect of directions of arrivals (DOA) estimation error on the traditional joint power control and MVDR beamforming and our algorithm. In Figure 4a , we compare the BER performance while the transmit power allocation is the same for both algorithms. We can see from the curves that when the channel estimation error for DOA is greater than about 2 degrees, the blind beamforming algorithm outperforms the traditional MVDR. In Figure 4b , we compare the overall transmit power while BER performance is the same for both algorithms. We can see that the blind beamforming algorithm needs a little bit more transmit powers when the DOA estimation error is small. However, the traditional power control with MVDR method will diverge when the DOA estimation error is about 2 degrees. Our proposed joint power control and beamforming algorithm will always converge regardless the DOA variations. When the mobiles are moving, DOA are changing and this will cause the channel estimation errors. The traditional MVDR beamformer may not be aware of the changing and still use the obsolete h d ii in (7) . This will greatly increase BER and transmit powers of the joint power control and MVDR method. The proposed blind scheme will automatically track and adapt to the changes and so it is more robust to channel estimation errors. Consequently, our algorithm is more robust in applications where usually only the inaccurate channel and SINR estimations are available. It is worthy to mention that the proposed scheme is more sensitive to fast channel varying and the complexity is much higher compared to the traditional training sequence-based algorithm. However, our scheme saves the transmission bandwidth by eliminating the training sequences and is more robust to channel estimation errors.
In Figure 5 , we show the numerical results of BER and the overall transmit power versus var 0 for the proposed joint blind beamforming and power control algorithm. When var 0 is decreasing from a large number, BER decreases and the overall power increases slightly. Within a reasonable BER range such as BER = 10 −3 to BER = 10 −5 , we can calculate the threshold of var 0 for the desired BER. After var 0 decreases to a specific value, the overall transmit power increases and BER decreases quickly. This is because the CCI is too large and var 0 → ρ(Q). After var 0 is smaller than some value, the algorithm diverges. Consequently, there is no feasible power control solution, that is, no matter how large the transmit powers are, the receivers cannot ensure the desired BER. This proves that our algorithm behaves exactly the same as the traditional power control algorithm, except that our algorithm directly ensures BER instead of each user's SINR. There is a trade-off between the overall transmit power and BER, while var 0 is the bridge between the two quantities.
In Figure 6 , we show the distribution of the number of iterations required for the convergence of our proposed algorithm with different values of var 0 . The convergence criteria is that the maximum difference of users' transmit powers between two consecutive iterations is less than 3%. When var 0 is within the range that the system is feasible, we can see that our algorithm converges within a small number of iterations, which demonstrates that our algorithm is robust in the wireless communication systems if the channel gains and topologies have been changed. When var 0 is large, that is, the desired BER is large, the algorithm converges slower. This is because the transmit powers are small when var 0 is large. Consequently, the var d i estimation is poor and more iterations are needed for the convergence.
In Figure 7 , we compare the AMSE and CRB versus var 0 . When var 0 is large and the transmit powers of users are small, the CCI is small. The performance of ILSP is close to CRB. The difference is because discrete alphabets are used for transmitted symbols, while there is no such assumption for CRB. When var 0 is decreasing, the CCI and our algorithm's AMSE are decreasing because of the increasing transmit powers. In this situation, the CRB is much lower than our algorithm performance. This is because we assume that all the channel conditions including A i j , i = j, are known for CRB, while our algorithm only estimates A ii and treats transmitted signals from other cells as noise. If an algorithm can take consideration of all A i j , for all i, j, its performance will be much better and closer to CRB; however, the complexity will be unacceptably high. When var 0 is smaller than some value, our algorithm diverges. The transmit powers also di- verge to arbitrary large values. But the CRB goes extremely low because SINR can be very high, if we know all the channel responses.
CONCLUSION
We have proposed a novel joint power control and blind beamforming algorithm that reformulates the power control problem in terms of a quantity directly related to the error performance of the estimation. First, this approach optimizes BER instead of a theoretically indirect SINR. Secondly, the algorithm does not require additional measurements of channel or SINR, which saves valuable limited bandwidth. Third, our scheme can be easily implemented in a distributed manner. Fourth, our scheme is more robust to channel estimation error. The proof of convergence of the algorithm is derived and supported by simulation results. Performance results show that our algorithm performs well in the situations where the radio spectrum is limited or the good estimations are hard to obtain.
APPENDIX
From (36), the log likelihood function is
We take partial derivatives of (A.1) with respect to σ 2 , S(n), and P:
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